Introduction 18
The impact of oil price shocks on various aspects of the world economy has been assessed in 19 numerous publications. Many investigators have reported findings of correlation between prices 20 of oil and other widely traded commodities. For example, Blanchard and Riggi (2009) estimated 21 vector autoregressions (VARs) before and after 1984 in six variables: GDP, employment, wages 22 in USA, the GDP deflator, the US CPI, and the nominal price of oil; they noted two changes 23 which modified the transmission mechanism of the oil shock: vanishing wage indexation and an 24 improvement in the credibility of monetary policy. By treating oil price shocks as exogenous 25 (perhaps arising from arbitrary supply manipulation) some investigators have found causality 26 traceable to oil price. Nazlioglu and Soytas (2012) confirmed the influence of world oil prices 27 on prices of several agricultural commodities. Wang et al (2013) reported that oil price shocks 28 affect stock markets differently depending on whether or not the stock market is located in an oil 29 exporting country. There is also evidence of causality in other directions; Barsky and Kilian 30 (2004) assessed the role of exogenous political events in influencing the oil market, and found 31 some reverse causality from macroeconomic variables to oil prices. Baumeister and Peersman 32 (2008) , in a Bayesian VAR framework, distinguished supply from demand oil price shocks, and 33 found that oil supply shocks accounted for a smaller fraction of the variability of the real price 34 of oil, implying a greater role for oil demand shocks. Beckmann and Czudaj (2013a) analysed 35 the time-varying causality from nominal dollar exchange rates to nominal oil prices using a 36 vector error correction model (VECM), and using the same model they that changes in nominal 37 oil prices are responsible for ambiguous real exchange rate effects (Beckmann and Czudaj, 38 2013b) . 39
Peaks in world oil price, coupled with concern about carbon emissions contributing to global 40 warming, have stimulated demand for biofuel as a substitute motor fuel, resulting in government 41 mandates and directives to expand the use of biofuel. In the USA, the Energy Policy Act of 42 States by 2020. Zhang et al (2010) found that demand for ethanol influences short-run 47 agricultural commodity prices, while Ciaian and Kancs (2011) quantified interdependencies in 48 the energy-bioenergy-food price system. The diversion of crops from food use to biofuel 49 production threatens to place further strain on world food supply already facing the implications 50 of climate change (Knox, Morris and Hess, 2010) , with impact potentially greatest on poorer 51 farmers (Wheeler and Kaye, 2010) . 52
In this paper we investigate the effect on food prices of the rapid increase in demand for corn 53 ethanol following the US Energy Policy Act (2005) . We test a data set of weekly agriculturalcommodity prices, and also a derived dataset of monthly estimates of cost of subsistence; we 55 examine the price relationships in the seven year period (1999) (2000) (2001) (2002) (2003) (2004) (2005) in comparison with 56 relationships in the following seven year period (2006) (2007) (2008) (2009) (2010) (2011) (2012) . 57
Data 58
As proxy for the price of oil we use the monthly average of the ICE Brent Crude Futures 59
Contract (Front Month) (www.theice.com/products/219) in US$/barrel. Figure 1 
Statistical analysis 88
It is well known that commodity price series tend to be cointegrated (two or more time series are 89 said to be cointegrated if they share a common stochastic drift), and that it is helpful to remove 90 the effect of unit roots (i.e. the persistent drift in value, which is characteristic of a non- Table 5 , results are shown for corn, crude oil and wheat in the two time periods, 100 and in Table 6 results for crude oil with either food or cost of subsistence. From the results for 101 all tests, we see that the null hypothesis of no cointegrating vector is the most probable. 102 Tables 7 and 8 show estimated VAR coefficients and t-values. Additional information about the 103 relationship between the variables is obtained by estimating a vector autoregression (VAR) for 104 each set, VAR being appropriate for situations in which causation may be in either direction, 105 which is the case here (as indicated in the introduction). Table 7 shows that the weekly values of 106 wheat and corn are not continually affected by previous oil price in the period 1999-2005, and 107 and (2013) 114 confirmed that, of the factors affecting food price, it was crude oil prices that mattered the most 115 during the peak period in food prices. Zilbermann et al (2012) noted that, while oil prices 116 influence gasoline prices, which, in turn, influence ethanol prices, fuel prices do not 117 significantly affect food prices; they found that the introduction of biofuel had a lower impact on 118 food commodity prices when biofuel production was not competing with food crops for 119 resources, such as land and water. Thus, the expansion of sugarcane ethanol in Brazil and 120 second-generation biofuels grown on non-agricultural lands were likely to have a much smaller 121 impact on food prices than the expansion of corn ethanol. 122
The statistical analysis reported in this paper, while being limited to a small selection of 123 agricultural commodities, tends to confirm that there is linkage between the world price of crude 124 oil and the price of internationally traded corn. 125
Zhang et al (2010), referred to above, further concluded that their results supported the effect of 126 agricultural commodity prices as market signals, leading to markets reverting rapidly to 127 equilibrium after a demand or supply shock. The analysis in this paper is consistent with Zhang 128 et al in confirming this effect, i.e. that prices of agricultural goods revert to levels set by 129 equilibrium of supply and demand within about a year. As mentioned above, it has been shown 130 elsewhere that the oil price both affects and is affected by other factors such as currency 131 exchange rates, as well as by supply and demand for a range of commodities. This analysis 132 could therefore be strengthened by extending the datasets to include commodity production and 133 consumption quantities, and quantities of year-end stocks. This data is to some extent obtainable 134 from public sources. 135
Conclusion 136
In this paper we have analysed two related sets of data spanning seven years before and after US 137 legislation was passed in 2005 which had the effect of diverting some US corn production from 138 food to biofuel. This US law played some part in a demand-led food price increase, but the 139 increase led to only minor and temporary disruption of food supply, and agricultural markets for 
